Introduction
During the last decades, the increase of life expectancy has led to significant epidemiological changes, including an increased number of patients with multiple chronic conditions. As a consequence, the demand for hospital care services has profoundly changed in terms of both quality and quantity. Moreover, while the number of beds for acute patients has been reduced, on the other hand unplanned hospital admissions increased, especially among the elderly [1] . New models that integrate hospital care with health care pathways for outpatients should be considered [2] .
Several studies have evaluated which conditions usually lead to readmissions [3] and which are the main risk factors for unplanned admissions. The presence of comorbidities like diabetes, malignancies [4] , heart failure and renal failure [5] are shown to be risk factors.
Hospitalization rates may be efficacy indicators for outpatient care in elderly patients with chronic disorders, while repeated hospital admissions represent a significant part of the potentially preventable hospitalization burden [6] . In fact, preventable hospital admissions are inversely proportional to primary care accessibility, especially for chronic conditions [7] . It is, therefore, paramount in order to decrease the number of preventable hospitalizations, to implement integrated and comprehensive health care programs [8] . Moreover, there have been applications of programs for continuity of care after hospital discharge that are aiming at reducing avoidable readmissions [9] , especially among the so-called 'super-utilizers' [10] .
Programs aiming at implementing transitional care seem to be effective in reducing the number of readmissions for all causes. In particular, effective interventions seem to be: home visits within 3 days after discharge and improved communication between hospital and outpatient care providers, i.e. the implementation of discharge programs [11] .
Many other factors have been considered potential determinants of readmissions, like socio-economic and demographic factors, and access to social support [5] .
Several models have been proposed in order to identify those patients at higher risk of readmission. Such models have been based on data from inpatients discharged from general medicine departments [12] or on data collected from primary care settings [13] . Readmissions within 30 days after admission are often studied, because they are most probably due to sub-optimal transitional care.
Objectives of our study were to analyze demographic and health parameters of inpatients and to define a predictive model to identify patients at higher risk of readmission. Such model should provide useful elements for the definition of a more appropriate plan for continuity of care. The creation of such a simple tool is crucial for its actual implementation in clinical practice. The proposed tool will likely lead to an increase in the health care quality and a decrease of unplanned readmissions.
There are other predictive models described in scientific literature. PARR-30 (Patients at Risk of Readmission within 30 days) and LACE (Length of stay in hospital, Acuity of admission, Comorbidity and Emergency department utilization in the 6 months before admission) are valid predictive models to identify patients at higher risk of unplanned readmission within 30 days after hospital discharge [14, 15] . The PRA model (Probability of Repeated Admission) aims at identifying elderly patients at high risk of readmission, already enrolled in health care programs, to be addressed to a personalized health care plan [16, 17] . Finally, the SPARRA tool (Scottish Patients at Risk of Readmission and Admission) is a model designed to predict an emergency admission, in a cohort of patients that were admitted to the hospital in emergency situations [18, 19] . These models take into account variables like age, gender, number of admissions, patient's diseases, comorbidities, length of hospital stay, severity of disease, hospitalspecific variables, deprivation status, etc. These models were tested on a subgroup of the initial sample, showing considerable levels of predictive accuracy. Although the prediction of readmissions has already been the object of several studies, few models seem to be applicable in clinical practice in Italy due to the fact that the data required by these models are not currently integrated with the Hospital Discharge Records (HDR) database.
The study was performed in the 'Azienda Ospedaliero Universitaria Pisana-AOUP' (i.e. Pisa University Hospital) that represents the tertiary referral center for the 'Toscana Nord-Ovest' local health unit, as well as primary and secondary care center for Pisa catchment area.
In 2012, the AOUP admitted 65 766 acute patients, 73.5% of which (N = 48 338) were ordinary admissions and 26.5% (N = 17 428) day-hospital care. Of note, 47.2% of acute patients (N = 31 041) were discharged with a medical Diagnosis-Related Group (DRG) code [20] .
Within the AOUP, the Agency for inpatient-outpatient continuity of care has been set up with the aim of assuring continuity of care to those patients that are discharged but are not self-sufficient. On the other hand, for patients with chronic conditions, it is up to the physician discharging the patients to assure them continuity of care. Although some programs to ensure inpatient-outpatient continuity of care already exist, during the last years an increase of unplanned hospital admissions has been observed.
We, therefore, believe that the creation of a predictive model based on a reduced set of data will be valuable. In fact, the model leads to the determination of a readmission risk score that represents the need of discharge programs activation.
Methods

Data source
The administrative HDR database of the AOUP represents the study data source. Records coded with a medical DRG related to patients resident in the Pisa Area admitted for an unplanned hospitalization during the period between 1 January 2012 and 30 November 2012 have been included. Patients that were admitted only once during that period and died before discharge were excluded from the sample. Patients in the final sample were coded as 'RA30' if they were readmitted during the study period within 30 days after the previous discharge or as 'NRA30' if they were either admitted only once or readmitted after 30 days since the latest discharge. For both groups, data related to the first admission to the hospital were analyzed. Variables included in the analysis were age, gender, length of stay, unit at the time of discharge, number of diagnoses, number of admissions (normalized by dividing the number of admissions by the length of the study period and multiplied by 365), diagnoses codes according to the ICD-9-CM (International Classification of Diseases-ninth revision-Clinical Modification). Diagnoses were analyzed according to the following groups: cardiovascular diseases (codes 390-459), respiratory diseases (codes 460-519), diabetes (code 250), endocrine, metabolic, nutrition and immunologic disorders other than diabetes (codes 240-249, 251-279), neoplastic diseases (codes 140-239), mental disorders, neurological and sensorial diseases (codes 290-389), and other diseases and/or disorders (all remaining codes).
Statistical analysis
Descriptive statistics were used to describe the basic features of the data in the study. The variables used in the model were chosen according to availability in the HDR database. Numeric variables in the study groups (RA30 and NRA30) were compared using both parametric (Student's t-test) and non-parametric (Mann-Whitney) tests for independent samples. Association between categorical variables has been assessed through the Chi-square test. A multiple logistic regression ('forced entry' regression) was used to determine which variables were significantly associated with readmissions. A series of logistic regression had been carried out before the model proposed in this study was created. Finally, all variables selected in the regression model were evaluated using Kaplan-Meier curves in order to analyze the risk functions related to the time between the first admission and the eventual readmission. For this purpose, all numerical variables were categorized as binary variables ( Table 3 ). The cut-off of 65 years old was selected for the categorization, while '3 diagnoses' was selected as the best cut-off for the number of diagnoses variable (after various tests had been carried out). A significance level with P < 0.05 was used. The software Statistical Package for Social Science, version 21.0 (SPSS, Inc., Chicago, 2012) was used for all statistical analysis.
Results
During the study period, 4476 patients had at least one unplanned admission and 344 patients were excluded because of decease during the hospital stay. The final sample, therefore, included a total of 5388 hospital admissions related to 4132 patients. Average age of the patients was 66.1 years (standard deviation = ±24.3 years) and 48.1% of them (N = 1988) were males.
In our study, 21.1% of patients (N = 873) with an unplanned admission are readmitted at least once during the year.
Patients coded as RA30 were 480 (11.6%) with 2.7 average number of admissions per patient. These patients represent the 24.1% of the total burden of unplanned admissions.
Those coded as NRA30 were 3652 (88.4%), 3259 of which were admitted only once and 393 were readmitted after 30 days after the previous discharge.
Distribution of hospital units at the time of discharge was: 2686 (65.0%) for the medical area, 290 (7.0%) for cardiology units, 169 (4.1%) for pneumology unit, 306 (7.4%) for pediatric area, 321 (7.8%) for neurology and psychiatry units, 360 (8.7%) for surgical area.
The results from the univariate analysis comparing the two study groups are shown in Table 1 . Mean age of patients in the group RA30 was significantly higher than in NRA30 patients (75.0 vs. 64.8 years, P < 0.001), as well as length of stay (7.7 vs. 6.7 days, P < 0.001), number of diagnoses reported in the HDR (4.6 vs. 3.7, P < 0.001) and number of admissions (15.9 vs. 3.0, P < 0.001). Prevalence of RA30 was not significantly different between genders (11.8% among males vs. 11.4% among females, P = 0.73). Prevalence of RA30 was significantly higher among those with a cardiovascular disease in comparison with those without a cardiovascular diagnosis (13.4% vs. 8.6%, P < 0.001), the same as for those patients with respiratory diseases (14.3% vs. 10.3%, P < 0.001), diabetes (15.3% vs. 10.8%, P = 0.001), neoplasia (18.8% vs. 10.5%, P < 0.001). On the contrary, prevalence of RA30 was not significantly different according to the presence of endocrine or immunologic diseases (12.0% vs. 11.5%, P = 0.76) and psychiatric or neurologic diseases (12.5% vs. 11.4%, P = 0.34).
The results from logistic regression analysis are shown in Table 2 . As we can see, age, normalized number of admissions, number of diagnoses and presence of neoplastic disease were variables significantly associated with the outcome in the multivariate model.
In particular, data from multiple logistic regression model show an increased risk of readmission within 30 days of 1.8% per each year of age of the patient. Risk of readmission increases by 30.6% per each additional diagnosis reported in the HDR and presence of neoplastic disease increases the risk of readmission by 47.9%. The number of normalized admissions is related to an increase by 25.7% of the risk of readmission. The presence of cardiovascular and respiratory diseases, even though was significantly associated with higher risk of readmission in the univariate analysis, was not significant in the multivariate model.
The model has not been validated on an independent sample yet, but the data resulting from the logistic regression shows a good predictive accuracy (positive predictive value = 78.3%, specificity = 99.1%, sensitivity = 24.8%).
Kaplan-Meier curves analysis (Table 3) confirms what observed in the multivariate model: observing the interval between the first and the subsequent admission, risk functions are significantly different by age groups, number of diagnoses, presence of cardiovascular, respiratory, neoplastic diseases and diabetes.
Discussion
We propose a predictive model using data collected by analyzing hospital discharge forms of patients that were subjected to unplanned readmissions. This model shows how age, number of comorbidities and presence of oncological disease were identified as independent factors contributing to the increase of repeated admissions risk. The uniqueness of this study emerges from the fact that the predictive model was determined using exclusively patients' discharge forms and information easily deductible from a normal anamnesis. Readmissions represent an important issue for care managers and for the whole health care system. Review by Yam et al. [21] shows that a proportion of hospital admissions between 9% and 59% is preventable. Unplanned readmissions occurring in few days after the previous admission are even more important [14] , due to the high demand of resources needed for such kind of care. In this study, data about prevalence of repeated admissions are in line with similar observations at international level [22] .
Unplanned admissions often involve inpatients that have been already in charge of the hospital care. This may indicate the need for improving the appropriateness of the hospital admission, as well as the quality of the continuing care after discharge [10] .
Our study clearly shows that patients in the RA30 group have specific characteristics: they are elderly, affected by multiple chronic conditions and have on average a longer length of stay. Such observation is in line with those studies confirming the role of comorbidities in determining hospital readmissions [6, 7] .
Many studies tried to develop predictive models for risk of readmission and, although the performance of such models is suboptimal, they can be useful for some specific scenarios [23] . Among those models, the PARR-30 model may be compared with our model, since both models aim at identifying patients at risk of readmission within 30 days after previous discharge [14, 15] . With regard to predictive accuracy, the PARR-30 model presents a specificity level (for patients with risk score >50%) slightly greater than the one of the model presented in this paper (99.5%), while the positive predictive value (59.2%) and sensibility level (5.4%) are lower than ours [14] .
Our model presents some peculiarities: it has been built on a cohort of inpatients admitted to the hospital for medical problems with an unplanned admission. Moreover, the data set has been extracted from the HDR database of one hospital including only those patients resident in the Province of Pisa. The choice of including only these patients has been determined by the need of assessing the efficiency of the local outpatient care. According to our model, age, number of readmissions and number of diagnoses are variables predicting readmissions. Presence of neoplastic diseases, as shown by previous studies [5, 8] , is also significantly associated to readmissions. The multivariate model may be used to assess the individual risk of readmission of a patient at the time of discharge. The actual accuracy of the model might be tested in a real-life situation on a sample of discharged patients; in any case data on intrinsic predictive accuracy are good. The model might be used by clinicians in order to identify those patients with high risk of readmission and flag them to the outpatient care services for a proper continuity of care.
Examples of actions that could be implemented in order to improve continuity of care could be to get in touch with the patient soon after hospital discharge with a visit or through phone contact by the nursing staff.
The presented model allows us to estimate individual readmission risk within 30 days after discharge. The score can be estimated simply by inserting data of a specific patient in the proposed regression equation (Table 4) .
In order for the model to become a simple and effective tool, the score calculation could be automated through the implementation of a software available to the physician in charge of hospital discharge.
A point of strength of the model is represented by the easiness of data collection needed to calculate the final score. Moreover, our study demonstrates that chronic conditions, neoplastic disease in particular, are peculiar of patients with high risk of readmission; for such reason all oncologic patients, and not only non-sufficient ones, should be flagged to the outpatient care services at the time of discharge. Our study presents some limits. The number of admissions has been normalized assuming that the trend of readmissions is linear, this potentially amplifying the differences between RA30 and NRA30 patients; on the other hand, this procedure is needed in order to include in the model the weight of the hospital admissions, which is a recognized risk factor for readmission. Moreover, other models are based on data collected from many hospitals, improving the accuracy of the model, while ours considers only one hospital. Also the number of variables included in the model is limited in comparison with other predictive tools. On the other hand, our model is meant to be used as a practical tool aiming at identify those patients to be directed toward continuity of care actions. For this reason, only data easily available from the HDR database have been used. This will improve the possibility that such tool will be used in a real-life hospital setting, as the data needed to run the model are easily available.
In any case, this predictive model had a good potential for its use in clinical practice. The physician in charge of hospital discharge can not only clearly identify the risk for that patient of being readmitted, but also use that score to activate customized paths of transitional care. We believe that by using this tool the risk of avoidable readmissions and its costs could be lowered, while the quality of health care services would increase, in particular with regard to chronic patients.
Conclusion
Reduction of unplanned and preventable readmissions is a very important goal for the health care services, in order to both improve the quality of care and reduce the costs related to inpatients care. Implementing an actual continuity of care and improving primary care services are paramount for a preventive strategy. Using predictive models able to identify patients at high risk of readmission is part of the same preventive strategy. Such models should be easy to use in order to be implemented on a large scale. Within the AOUP, an easy predictive model has been elaborated to be used at the time of discharge of those patients that were admitted through the Emergency Department. This model seems to effectively predict readmissions using a reduced set of data; the model could, therefore, be easily applied in clinical practice with the aim to prevent unplanned readmissions. Further research is necessary in order to validate the model. Moreover, the threshold above which patients will be addressed to specific transitional care programs should be defined.
Finally, health policy studies should be performed in order to quantify financial gains and quality improvements related to the decrease of repeated admissions in favor of the activation of customized programs of transitional care.
